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Abstract

As e-commerce platforms gradually evolve from single-scenario and single-objective frameworks to-
ward a unified multi-scenario and multi-task modeling paradigm, how to fully share cross-scenario
common knowledge while effectively avoiding inter-task conflicts and negative transfer has emerged
as a core challenge restricting model usability and training stability. To address this issue, we propose
a hierarchical expert-enhanced framework for multi-scenario multi-task prediction in e-commerce.
Building upon a Star-topology scenario fusion foundation, a self-attention module is introduced after
the embedding layer to explicitly capture high-order feature dependencies. Simultaneously, a pro-
gressive hierarchical extraction mechanism replaces the traditional single-layer MoE sharing ap-
proach. This enables the adaptive transfer and effective decoupling of shared and task-specific repre-
sentations across different semantic levels, fundamentally mitigating the seesaw phenomenon and
suppressing negative transfer from a structural perspective. Furthermore, the model retains scenario
and task-specific experts, utilizing a learnable balanced mixing mechanism to enhance robustness
against scenario imbalance and distribution shift. Extensive experiments conducted on two public da-
tasets demonstrate that the proposed method significantly outperforms baseline models in terms of
overall performance and stability.
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Figure 1. Framework diagram of the SAPENet model
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Table 1. Statistical results of the dataset
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Table 2. The experimental results of the AliCCP dataset. d0 and t0 represent the AUC results of scenario 0 and task 0 respec-
tively. The best results are marked in bold, and the subbest results are marked with underlines. *Indicates a significance level
p value < 0.05 relative to the optimal baseline. All results are the averages of five repeated runs using different random seeds
= 2. AlICCP BURESLILER . d0,t0 FRRHAR 0 MIES 0 89 AUC ER, RIMHERABIMAERL, RIMHERA TR
hrt. "RAEMTREERLNEEMKTF p E<0.05. AIBERTERTERENFTFH S XREETITHFENE

do,t0 do,t1 di1,t0 di,tl d2,t0 d2,tl All AUC Logloss

Single-task 0.5503 0.5141 0.567 0.5549 0.553 0.5043 0.5316 0.0023
MMoE 0.5451 0.5049 0.5723 0.5528 0.5399 0.5021 0.5244 0.0026
PLE 0.5479 0.5088 0.5729 0.5591 0.5477 0.504 0.5216 0.0024
Star 0.5536 0.5201 0.5526 0.5519 0.5462 0.5033 0.5219 0.0019
SarNet 0.5488 0.5091 0.5712 0.5571 0.5511 0.5013 0.5269 0.002
M2M 0.5501 0.5122 0.5614 0.5588 0.546 0.508 0.5296 0.0016
M30E 0.5512 0.5125 0.5528 0.5594 0.5475 0.5093 0.5344 0.0014
SAPENet 0.5551* 0.5275" 0.5913" 0.5706" 0.5521 0.505 0.5266 0.0013

BEAh, MEEARXT EERT LU I, ARG 7 SR AR Alicep B LRI EIS T 2AEFHEUE 2L
Dy SR, IR S L R RO A S R H SRS IR 2 AN 5%, B0, 23R
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Table 3. The experimental results of the KuaiSAR dataset
= 3. KuaiSAR #iEE LI EER

do,t0 do,t1 do,t2 di1,t0 di,tl di1,e2 All AUC Logloss

Single-task 0.9801 0.9001 0.8479 0.9419 0.8724 0.8203 0.9121 0.0934
MMoE 0.9836 0.901 0.8533 0.9377 0.8744 0.8199 0.9157 0.0939
PLE 0.9839 0.9021 0.8512 0.931 0.8759 0.8192 0.9206 0.0936
Star 0.9856 0.9013 0.8594 0.9355 0.8706 0.8223 0.9101 0.0935
SarNet 0.9816 0.904 0.851 0.9306 0.8711 0.8269 0.9112 0.0933
M2M 0.9813 0.9016 0.8569 0.9411 0.8771 0.8216 0.9202 0.0925
M3oE 0.9843 0.9002 0.8488 0.9392 0.8778 0.828 0.9113 0.0921
SAPENet 0.9872" 0.9079* 0.8669" 0.9603" 0.8840" 0.83" 0.9209 0.0897"
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Table 4. Results of ablation experiments on the AliCCP dataset. The result is the average of five single tests

5% 4. AliICCP #IREHRISEINEE R . AR 2 5 RBEXMKAFEEE

do,t0 do,t1 di1,t0 di1,tl d2,t0 d2,tl All AUC Logloss

wio HiEE AIMLE]  0.5477 0.5243 0.5889 0.5448 0.5434 0.5282 0.5279 0.0088
w/o PLE 454 0.526 0.558 0.5684 0.5825 0.5222 0.5031 0.5296 0.0016
SAPENet 0.5551 0.5275 0.5913 0.5706 0.5521 0.505 0.5266 0.0013

Table 5. Results of ablation experiments on the KuaiSAR dataset
F 5. KuaiSAR HiEEIHASLINEE R

d0,t0 do,t1 do,r2 d1,t0 d1,t1 d1,e AllAUC  Logloss
wio HIEE IALEH]  0.9844 0.8963 0.8424 0.9484 0.8716 0.7979 0.908 0.0929
w/o PLE 4514 0.9866 0.9033 0.8571 0.9573 0.8807 0.7968 0.9158 0.0908

SAPENet 0.9872 0.9079 0.8669 0.9603 0.8840 0.83 0.9209 0.0897

TEPAN SRS b, SRR AVEE LI, LogLoss S HI IR ETt, 26 HIZ A Hot 32 7+ R 2= T 1)
B A B . WP HERERE, LR AEE G, §5 - E54 4 FTH AUC E I RK T 5e %
BEAL, BB TN BER S R . BRI S, BRI\ 2 3 Sl A a5 H 2 A s
TERURFAE 2 (B P A AR G &R, B BB 4% 25 o) B B a8 b H A 5B A BUR I RoR, A I 8210
Wt a G5 (0 Star) 5 AT 50 SR AL B8 5 T (0 3L 2 Rp SR Rl . %ET PLE 45RO Rl, ESRTE/N
R4 B3 R 32 TH (5 ALCCP R AR d1tl %), (BFRN 2 SEHAMES R PLE 2Bk, 23
WM D — MBI R. ML, SEENERTAY R - ESHE LRIE NS, BA B R

DOI: 10.12677/ecl.2026.156720 1012 TR 4TS


https://doi.org/10.12677/ecl.2026.156720

ERTT FH

PEREME . X IR, LG UL XL 5 2 R BRI TR, &5 R IR b R G H
Tt PLE #idZBZIE. BRI B0, MREMZ 0¥ RS, Mz ZELRETY
SRS R AR, M E S5 44 /2 T 2 i G0 78 1)

ZR L, RS TE IR AT L OB A R BN GE R R SR 1 ) R R AL RE
TS WMFEE, T PLE 45435 7y 232 5 AR5 R A ] 1 2485 UM . 3 1 b R AR
REARFESRE . ARG RS ARES R E TR E H— B Rt .

5. &5ERIE

AW — MR AR R R R OR 21 5 PLE 22 B XU B 2 5 255 HEERER
SAPENet #iM, BT UEMELF S5HEGRERFT N IOER RE. BiEims, RIMEZSREAE5
HEFF A Z P SN G AE R R, DL A2 R A 2 6 (Y 4 R ARG &, AT 22 2] R S 3 R
PEVERIR IR o BT X R S8 MMOE fE4F 55 22 57 BRI 5 P B R P R E AR A 2, BATRA 7= PLE
SR E R RTINS, 3 5 RS 55 R T 5k g R S D B AR E 1 88 4 55 AR
B KBS REY, Prit b BimeE 2 mse it R8s LB F 0 TIA AR %, Wik 7= A
k5 B .

e HE

[ 2% B S A 1R H (2023 YFB3308802), [EZK B AAR 223 4 T H (52275480), M HAREL 34
(QKH MS [2025] 601, QKH QN [2024] 160).

SE

[1] B, FEW, S8 WA RSP @ EELRD]. THEVL TR 5N, 2025, 61(21): 15-29.

[2] Song, D., Yang, E., Guo, G., Shen, L., Jiang, L. and Wang, X. (2024) Multi-Scenario and Multi-Task Aware Feature
Interaction for Recommendation System. 4CM Transactions on Knowledge Discovery from Data, 18, 1-20.
https://doi.org/10.1145/3651312

[3] HFATAE, kR, 2T, BhETE R 15850 PR b 2 ST FR AN [T]. W ENL TR SN, 2025, 61(17):
232-240.

[4] Ning, W., Yan, X., Liu, W., Cheng, R., Zhang, R. and Tang, B. (2023) Multi-Domain Recommendation with Embedding
Disentangling and Domain Alignment. http://arxiv.org/abs/2308.05508

[5] Zhu,J., Wang, Y., Lin, J., Qin, J., Tang, R., Zhang, W., et al. (2024) M-Scan: A Multi-Scenario Causal-Driven Adaptive
Network for Recommendation. Proceedings of the ACM Web Conference 2024, Singapore, 13-17 May 2024, 3844-3853.
https://doi.org/10.1145/3589334.3645635

[6] Ma,]J., Zhao, Z., Yi, X., Chen, J., Hong, L. and Chi, E.H. (2018) Modeling Task Relationships in Multi-Task Learning
with Multi-Gate Mixture-of-Experts. Proceedings of the 24th ACM SIGKDD International Conference on Knowledge
Discovery & Data Mining, London, 19-23 August 2018, 1930-1939. https://doi.org/10.1145/3219819.3220007

[7] Sheng, X.R., Zhao, L., Zhou, G., et al. (2021) One Model to Serve All: Star Topology Adaptive Recommender for Multi-
Domain CTR Prediction. http://arxiv.org/abs/2101.11427

[8] Tang, H., Liu, J., Zhao, M. and Gong, X. (2020) Progressive Layered Extraction (PLE): A Novel Multi-Task Learning
(MTL) Model for Personalized Recommendations. Fourteenth ACM Conference on Recommender Systems, Brazil, 22-
26 September 2020, 269-278. https://doi.org/10.1145/3383313.3412236

[91 Ouyang, W., Zhang, X., Zhao, L., et al. (2020) MiNet: Mixed Interest Network for Cross-Domain Click-Through Rate
Prediction. http://arxiv.org/abs/2008.02974

[10] Zou, X., Hu, Z., Zhao, Y., et al. (2022) Automatic Expert Selection for Multi-Scenario and Multi-Task Search.
http://arxiv.org/abs/2205.14321

[11] Zhang, Z.,Liu, S., Yu, J., Cai, Q., Zhao, X., Zhang, C., et al. (2024) M30E: Multi-Domain Multi-Task Mixture-of Experts
Recommendation Framework. Proceedings of the 47th International ACM SIGIR Conference on Research and Devel-
opment in Information Retrieval, Washington DC, 14-18 July 2024, 893-902.

DOI: 10.12677/ecl.2026.156720 1013 TR 4TS


https://doi.org/10.12677/ecl.2026.156720
https://doi.org/10.1145/3651312
http://arxiv.org/abs/2308.05508
https://doi.org/10.1145/3589334.3645635
https://doi.org/10.1145/3219819.3220007
http://arxiv.org/abs/2101.11427
https://doi.org/10.1145/3383313.3412236
http://arxiv.org/abs/2008.02974
http://arxiv.org/abs/2205.14321

ERTT E

[12]

[13]

[14]

[15]

https://doi.org/10.1145/3626772.3657686

Chang, J., Zhang, C., Hui, Y., Leng, D., Niu, Y., Song, Y., e al. (2023) PEPNet: Parameter and Embedding Personalized
Network for Infusing with Personalized Prior Information. Proceedings of the 29th ACM SIGKDD Conference on
Knowledge Discovery and Data Mining, Long Beach, 6-10 August 2023, 3795-3804.
https://doi.org/10.1145/3580305.3599884

Shazeer, N., Mirhoseini, A., Maziarz, K., et al. (2017) Outrageously Large Neural Networks: The Sparsely-Gated Mix-
ture-of-Experts Layer. http://arxiv.org/abs/1701.06538

Schoenauer-Sebag, A., Heinrich, L., Schoenauer, M., ez al. (2019) Multi-Domain Adversarial Learning.
http://arxiv.org/abs/1903.09239

Sun, Z., Si, Z., Zang, X., Leng, D., Niu, Y., Song, Y., et al. (2023) KuaiSAR: A Unified Search and Recommendation
Dataset. Proceedings of the 32nd ACM International Conference on Information and Knowledge Management, Birming-
ham, 21-25 October 2023, 5407-5411. https://doi.org/10.1145/3583780.3615123

DOI: 10.12677/ecl.2026.156720 1014 TR 4TS


https://doi.org/10.12677/ecl.2026.156720
https://doi.org/10.1145/3626772.3657686
https://doi.org/10.1145/3580305.3599884
http://arxiv.org/abs/1701.06538
http://arxiv.org/abs/1903.09239
https://doi.org/10.1145/3583780.3615123

	融合自注意力与渐进抽取机制的电商多场景多任务预测方法研究
	摘  要
	关键词
	Research on a Multi-Scenario, Multi-Task Prediction Method for E-Commerce Based on Self-Attention and Progressive Extraction Mechanisms
	Abstract
	Keywords
	1. 引言
	2. 电商多场景多任务推荐问题描述与定义
	3. 面向电商的SAPENet模型算法实现
	3.1. 嵌入与自注意力增强表示
	3.2. Star拓扑融合
	3.2.1. 场景条件化线性融合
	3.2.2. 非线性投影与跳连

	3.3. PLE结构
	3.3.1. 第l层的专家集合
	3.3.2. 门控单元与层内混合

	3.4. 电商场景/任务专家的平衡混合
	3.4.1. 场景专家与任务专家输出
	3.4.2. 平衡混合

	3.5. 融合表示与场景–任务塔预测
	3.5.1. 融合表示
	3.5.2. 场景–任务塔预测

	3.6. 训练目标与损失函数

	4. 实验与分析
	4.1. 数据集
	4.2. 评价指标
	4.3. 实验设置
	4.4. 结果分析
	4.5. 消融实验

	5. 结束语
	基金项目
	参考文献

